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Abstracts: With the express growth of social networks, users have joined more and more of these networks and live their
lives virtually. Consequently, they create huge amounts of data on these social networks: their profile, interests, and
behaviors such as posting, commenting, liking, joining groups or communities, etc. One of the basic issues in these
challenges is the problem of estimating the similarity among users on these social networks based on their profile, interests,
and behavior. This paper presents a model for estimating the similarity between users based ontheir behavior on social
networks. The considered behaviors are activities including posting or sharing entries, liking these entries, commenting
and liking the comments in these entries, and joining a group in the social networks. The model is then evaluated with a
dataset collected from Facebook users. The results show that the model correctly estimates the similarity among users in
the majority of cases.
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1. INTRODUCTION

Social networks appeared in the late 20" century, creating favorable conditions for millions of people around the
world to connect, establish, and maintain relationships, as well as access and share information. According to Samuel
and Shamili [23], Collin et al. [5] the social networks impact on all aspects of social life is increasingly affirming their
role in many fields, from education, business, health, tourism, etc., to social issues such as discovery risk, interest,
etc. In these digital worlds, according to Zafarani et al. [33], Tang et al. [27] users freely present themselves, share
information about their favorites and passions, or share their personal opinion on some issues of economic, social,
cultural, etc. Through several activities on social network such as posting entries, sharing video clips, images, or news
they read, and then leaving their comments or liking these entries or the comments of others, etc.

Consequently, huge data are created on the social network. This huge data attracts many researchers,
businessmen, etc. to mine and exploit it. This tendency also brings some new challenges to researchers: do users
having the same profile or interest show the same behavior? One of the basic issues in these challenges is the
problem of estimating the similarity among users on these social networks based on their profile, interest, and
behavior? The problem of detecting the similarity or the difference between users is not only based on the user profile
on the social network, but also based on the data about user behavior such as posting entries, commenting, liking,
and etc. This problem has been attracting many researchers.

For instance, Raad et al. [22] and Peled et al. [21] proposed a model to measure the similarity between user
profiles. Anderson et al. [1] calculated the similarity between user characteristics. Liu et al. [13] estimated the similarity
among preferences of user behavior. Liu et al. [14] and Chen et al. [6] measured the similarity among user mobility
behavior. Xu et al. [32] analyzed the user posting behavior on a popular social media website. Singh et al. [24]
formulated a metric based on the common words used in social networks to measure the user similarity in textual
posting. Sun et al. [25] proposed a mapping method, which integrates text and structure information for similarity
computation. Guo et al. [9] developed a model to estimate continuous tie strength between users for friend
recommendation with the heterogeneous data from social media community. Nguyen et al. [17] aimed to understand
the strategies users employ to make retweet decision. Liu and Terzi [15] approached the privacy issues raised in
online social networks from the individual user viewpoint: they proposed a framework to compute the privacy score
of a user. Tang et al. [28] adopted a “microeconomics” approach to a model and predicted the individual retweet
behavior. Xu et al. [31] introduced several methods to identify online communities with similar sentiments in online
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social networks. Zhao et al. [36] proposed to separately model users’ topical interests that come from these various
behavioral signals to construct better user profiles. Vedula et al. [29] detected pairwise and global trust relations
between users in the context of emergent real-world crisis scenarios. Jamali and Ester [10] explored social rating
networks, which record not only social relations but also user ratings for items. Bhattacharyya et al. [3] studied the
relationship between semantic similarity of user profile entries and the social network topology. In the model of Zhao
et al. [36], two social factors, interpersonal rating behavior similarity and interpersonal interest similarity, are fused
into a consolidated personalized recommendation model based on probabilistic matrix factorization.

Most of these works try to estimate the similarity among user based on: user profile, user interests or favorites, or
user relationship on social network. However, there are not many works which estimate the similarity among social
network users based on their activities on social network.

In line with our previous works [18, 19, 20], this paper introduces a model for measuring the similarity between
users based on their behavior in social network. In this model, the similarity between users is estimated from the
similarity of their behaviors such as posting an entry or sharing an existing entry, liking an entry or liking a comment,
commenting on a post, and joining a group or a community.

The model is then evaluated with a dataset-collected users from Facebook. The results show that the model
estimates correctly the similarity among users in the majority of the cases. The paper is organized as follows: Section
2 presents the similarity model. Section 3 takes some experiments to evaluate the proposed model with empirical
data. Section 4 is the conclusion and perspectives

2. USER MODEL BASED ON BEHAVIORS IN SOCIAL NETWORKS

User modeling is a way of representing a user's personal information through the characteristics that users show
on social networks. User models, according to studies Benevenuto et al. [2], Gattani et al. [8], Xu el at. [32], are often
built based on the following user characteristics: Personal characteristics or demographics; Interests and preferences;
Needs and goals; Mental and physical state; Knowledge and background; User behavior; Context; Individual
personality traits; etc. According to research, after the user model is built, each user will be represented by a set of
personal information called a user profile about the problem being researched. Then, the user model will correspond
to the profile containing the corresponding personal information, such as the user's interest profile, mobility profile,
special model, etc.

2.1. A Similarity Measure Model for User on Social Networks

The The general model takes the two users as input data, and the output is the estimated similarity between the
two entered users. Inside the model, there are four main steps:

— Step 1: Modeling Users

— Step 2: Calculating the value of features for the user

— Step 3: Estimating the similarity between each user’s features

— Step 4: Aggregating the similarity between users from their similarities on features. These steps will be
described in detail in the next sections.

Social Network

Without loss of generality, we assume that: A social network is a 2-tuples & =< U, B >, in which: U ={U,, U,, ..,
Uy} is a set of users, B ={B,, B, ..., By} is a set of behaviors of each user u € U on the social network V. Each user
in a social network could post an entry, join a community or a group, like an entry, comment on an entry, like a set of
comments in an entry of a community, share an entry, etc.
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User Behaviors in The Social Networks

According to Zafarani et al. [35], Zafarani and Huan [34], Vispute et al. [30] user behavior on social networking
sites is how users act and interact with events and phenomena on social networks. User behavior includes actions
performed by users on social networking sites such as sharing entry, posting entry, liking posts, commenting on posts,
bookmarking, following, creating and joining groups and communities, etc. These behaviors are classified according
to individual behavior and collective behavior.

In this model, only five popular behaviors are considered: post an entry, like an entry, comment on an entry, share
an entry, and join a group on social network. We assume that a social network has a set of users U = {U;, U,, ..., Uy}.
Each user u; € U posts a set of entries E and acts with a set of behaviors B = {B,, B,, ..., By} . Each behavior b, € B
may have a set of features:

— P ={post;} is an entry posted of entry, noted as bl post: the user writes or shares an entry on the user
homepage.

— L = {like;}: is an entry liked an entry or like a comment, noted as bl like: the user clicks on the like icon of an
entry or a comment.

— € = {comt;} is an entry commented, noted as bl comt: the user writes some comments on an entry.

— J ={join;}is a group joined, noted as bl join: the user joins a group or community. A group usually has the
name of a group, description of the group and other characters of the group

Each user u; € U when represented by behavior will be a set of four as follows:
Uj =< Pi; Li: Ci! ]i > (1)
2.2.Calculating the Value of Features

The Value of Posting Behavior

The value of user u; € U posting behavior on social network V' is determined by the set of posts posted and
shared by the user, denoted as EP*** € E on social network V. Suppose w; € U has n posts and shares EP*** =
{ei1, €12, --€in} € E on social network IV, then the value of user u; posting behavior is calculated the vector p; with n
components, each component is the weight vector of the corresponding posted and shared a post in Ei’"’“ EE
calculated according to the formula as follows:

Uipost = POSt; = P; = (€41, €j2, - - €jpn) @)
The Value of Like Behavior

The value of user u; € U like behavior on social network V' is determined by the set of posts and comment was
liked by the user u;, denoted as E/*¢ € E on social network . Suppose u; € U has m posts and comment was liked
EFke = (e, e;5,..€:m} € E 0N social network V', then the value of user u; like behavior is calculated the vector p; with
m components, each component is the weight vector of the corresponding posts and comment was liked in E}*¢ € E
calculated according to the formula as follows:

Ujlike = like; = 1; = (€1, €42, .. €im) 3)
The Value of Comment Behavior

The value of user u; € U comment behavior on social network 2V is determined by the set of posts and comment
was commented by the user u;, denoted as Ef°™ € E on social network . Suppose u; € U has k posts and
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comment was commented Ef°™ = {e;;, e;,,.. ey} € E on social network V', then the value of user u; like behavior is
calculated the vector p; with k components, each component is the weight vector of the corresponding posts and
comment was commented in Ef°™ € E calculated according to the formula as follows:

Ujcomt = COmMt; = ¢; = (€jq, €jz, .. €jx) (€))
The Value of Join A Group Behavior

The value of user u; € U like behavior on social network V' is determined by the set of groups was joined by the
user u;, denoted as G/°™ € G on social network V. Suppose u; € U has [ group was joined G/°™ = {gi1, gz, .. 9u} €
G on social network 2V, then the value of user u; join a group behavior is calculated the vector p; with [ components,
each component is the weight vector of the corresponding groups was joined in GijOi" € G calculated according to the
formula as follows:

Ujjoin = jOin; = g; = (8i1, Biz, -~ 8i) %)
2.3. Estimating the Similarity Two Users on Social Networks

The Cosine Similarity Measure

Suppose there are two vectors u = (uy,u,,..u,) and v = (vy,v,,..1,) then the cosine similarity of u and v is
calculated as:

| _ <uv>
51m(u, V) - [lull=]IvIl (6)

In which, < u, v > is scalar product of two vectors u and v, ||x|| is the Euclidean length of vector x

The Pearson Correlation Measure

The research also using the Pearson correlation to calculate the correlation between two objects, according to the
following formula:

2i(ui—m)(vi-v) (7)

cor(u,v) = VEi(ui—)2 /3 (vi—7)?

. — 1 — 1 . .
In which, & = ;Z?ﬂui and v = ;Z?ﬂ v; and then the cor(u, v) is the correlation measure between u and v.

The Entry Similarity

Definition 1: Given a set of texts D = {D,,D,,...,D,}, each text is represented by a set of terms D; =
{di1. diz, .., dip,}. Call V = {vy, v,, ..., 14}, is a set of different terms, pair by pair. Then, the weight of the term d € V with
D, is calculated as follows:

wy = tf(d, D;) X idf(d, D) )

In there, tf(d, D;) times of occurrences of the term d in D;; and idf (d, D) is calculated as follows (2):

_ (2]
idf(d, D) = log (m) ©

After calculating the weights of the terms, each document D; € D is represented by a weight vector; each vector
is normalized to the unit interval [0,1]. Then, it is possible to define the text D; € D according to the weight vector as
follows:
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Definition 2: Given a set of texts D = {D,,D,, ..., D,}, each text is represented by a set of terms D; =
{di1, diz, .., dip,}. Call q is number of different terms, pair by pair, in D. Then, each D; is presented by a q demension
vector as follows:

W = (WilﬂwiZ"'!Wiq) inD (10)
In there, wy, is calculated follow Definition 1. A user post can be defined as follows according to Definition 1:

Definition 3: Given a set of posts by social media N as € = {E,, E,, ..., E¢}, each post E; is represented by a set
of words E; = {e;;, €5, .-, €iq,}- L€t q be the number of words that differ by pair in €. Then, each E; is represented by a
vector with g dimensions: w; = (w;;, w;3,.., w;q) in & Where each wy, is calculated as in Definition 1.

Suppose there are two posts e; and e;;, by two users u; and u; respectively on social network V. Then, the
similarity between two entries e;; and e, is calculated by the similarity between the two respective weight vectors as
follows:

<ei|,el-k>

(1)

sim(ey, e ) = leal <]l esl

Then, the similarity between two sets of entries E; and E; is calculated by the similarity between two sets of
corresponding weight vectors of users u; and u; denoted as follows:

sim(E;, E;) = max j.; (sim(ey, e, )) (12)
In which, sim(e;, ej;) is calculated formula (11).

The User Similarity Measure Based in Behaviors

Suppose there are two users u;, u;, € U on the social network V', the similarity measure of the two users according
to the behavior calculated by the integration weighted similarity measure on the user's behaviors on the social network
according to formula as follows:

SiMpepa (U5, U) = Wpost * Spost (Ui, Ux) + Wiike * Siike (Ui, Ux) + Weome * Scomt (Ui, Uk) + Wioin * Sjoin (Ui, ug) — (13)
In which, wy,se, Wiike, Weome Wjoin, @re respectively the weights of the behavior of posting or sharing an post, the
behavior of liking an post the behavior of commenting on an post, and the behavior of joining a group on social

networks, and they satisfy the condition: wy,s + Wiike + Weome + Wjoin = 1. The s, (u;, u,) is the similarity of each
behavior of two users u;, u;.

- The similarity on posted/shared behavior calculated by as formula as follows:

Spost (Ui, Uy) = sim(EP°™, EP*") = sim(p;, pi) (14)
- The similarity on liked behavior calculated by as formula as follows:

Stike (U;, u) = sim(El'ke, E}gke) = sim(l;, I) (15)
- The similarity on commented behavior calculated by as formula as follows:

Scomt (U, W) = sim(Ef*™, ERP™) = sim(c; , ¢ (16)
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- The similarity on joined a group behavior calculated by as formula as follows:
simjoin (U;, Uy) = Sim(GiOin, GLOin) = sim(j; , ji) (17)
3. METHOD EXPERIMENTS

3.1. Collection of Data

The study performed the collection of real data from the Facebook site; after removing the posts containing no text
and noise type, the study obtained a set of 500 users, of which 100 posts, 100 posts or comments were liked, 100
comments in entries, and 20 groups joined in the social network were valid. The experimental data set parameters
are in Table 1.

Table 1. Data set sample

Feature Experimental data set
Users 500

Post an entry 50.000

Like an entry 50.000
Comment in an entry 50.000

Group (joined) 10.000
Weighted TF.IDF
Presented Weighted vector

3.2. Construction of Sample Set

Each sample is constructed as follows: Each sample contains three users collected from Facbook.com. These
users are called as user A, user B, and user C, respectively. We ask a number of selected volunteers to answer the
question: Which user, user B or user C, is more similar to user A than the other?

Then, we compare the number of people who chooses user B, and that of people who chooses user C. If the
number of answer user B is greater than that of user C, then the value of this sample is 1. It means that user B is
more similar to user A than user C. On the contrary, if the number of answer user C is greater than that of user B,
then the value of this sample is 2. It means that user C is more similar to user A than user B. If the number of the
answers user B and user C are not significantly different, this sample will be removed from the sample set.

After this step, we have a set of samples. We use the samples and save them in a set of samples. In experiments,
we calculated that the convolution 3 of 500 users is 20.708.500 sample sets, but we only used 20.000 sets to
experiment and compare with Buscaldi et al. [7] and our research precedence in Nguyen et al. [20] regarding the
given sample set.

3.3. Scenario

The experiment is performed as follows: For each sample, we use the model proposed in this paper to estimate
the similarity between user B and user A, and that between user C and user A. If user B is more similar to user A than
user C is, then the result of this sample is 1. On the contrary, if user C is more similar to user A than user B is, then
the result of this sample is 2. We then compare the result and the value of each sample. If they are identical, we
increase the variable number of correct samples by 1.

3.4. Output Parameters

The correct ratio (CR) of the model over the given sample set is calculated as follows:

number of correct sample
P % 100%. (18)
total of sample

CR =
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The more the CR value is close to 100%, the more is the model correct. We expect that the obtained value of CR
would be as high as possible.

4. RESULTS AND DISCUSSION

4.1. Results Experiment

The results are presented in Table 2. In total, the correct ratio of the model over all samples is about 18522/20000,
reaching 92.61%.

Table 2. Correct ratio CR of the sample set
Sample set Number of correct samples Correct ratio CR

Facebook 18522 92.61 %

For more details, we run experiments with several combinations of weights from criteria of an entry, and weights
from behavior of user with the following detailed scenario in Table 3:

- The same principle is applied at the level of behavior: we run the experiment with 1/4, 2/4, 3/4, and 4/4
behaviors. Each combination is also applied in the same manner as the previous level.

- For each combination, we run the experiment with different weights for each selected criterias. The changing
step for each weight is 0.05. Therefore, each criteria weight runs from 0.05 to 1.00 as long as the sum of all
criteria weights in the experiment is equal to 1.

Table 3. Weight of behavior

Behavioral _ W w Wi Total of sample correct Accuracy (%
combination post like comt Join in 20000
1.00 8304 41.52
. 1.00 11288 56.44
¥ behavior 1.00 13142 65.71
1.00 15828 78.14
0.65 0.35 15866 79.33
0.45 0.55 16232 81.16
2/4 behavior 0.65 0.35 16542 82.71
0.75 0.25 16848 84.24
0.70 0.30 17074 85.37
0.75 0.25 17290 86.45
0.30 0.45 0.25 17396 86.98
. 0.60 0.25 0.15 17492 87.46
3/4 behavior
0.60 0.30 0.10 17628 88.14
0.60 0.25 0.35 18070 90.35
4/4 behavior 0.35 0.25 0.30 0.10 18522 92.61
Weight 0.35 0.25 0.30 0.10 18522 92.61

4.2. Discussion

They indicate that our model, which reaches the correct ratio of 92.61%, is significantly better than the models of
Buscaldi et al. [15] (with CR = 69.51%) and Nguyen et al. [24] (with CR = 79.14%), regarding the given sample set in
Table 4.

Table 4. Correct ratio CR of the sample set

Model CR % Best weight combination
Wpost Wiike Weomt Wijoin
Buscaldi et al. [7] 69.51% 1
Nguyen et al. [20] 87.60% 1
Our model 92.61% 0.35 0.25 0.30 0.10
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The results also determined the best combination of feature weights for each model. Meanwhile, the model of
Buscaldi et al. [7] concentrates 100% on the content, so there is no option to choose the best. The model of Nguyen
et al. [20] considered not only content but also category, tag, sentiment, and emotion. The best combination of four
weights corresponding to the four behaviors post, like, comment, and join a group in our model is 0.35: 0.25: 0.30:
0.10, respectively. These research results said that user modeling based on behavior could be used to classify users
in social networks more than entry or text.

CONCLUSIONS

This paper presented user modeling in social networks by behaviors to estimate the similarity among users in the
networks. The model is then validated with empirical data collected from Facebook. The experimental results indicate
that the proposed model could reach a higher value in accuracy than some recent related models. With this result, it
can be applied to classify users on many different social networks or in suggestion systems based on users' search
histories. These research results will be presented in our future work.
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